When studying the microbiome using next generation sequencing, DNA extraction method, 12 sequencing procedures and bioinformatic processing are crucial to obtain reliable data. 13 Method choice has been demonstrated to strongly affect the final biological interpretation. 14 We assessed the performance of three DNA extraction methods and two bioinformatic 15 pipelines for bacterial microbiota profiling through 16S rRNA gene amplicon sequencing, 16 using positive and negative controls for DNA extraction and sequencing, and eight different 17 types of high-or low-biomass samples. Performance was evaluated based on quality control 18 passing, DNA yield, richness, diversity and compositional profiles. All DNA extraction 19 methods retrieved the theoretical relative bacterial abundance with maximum three-fold 20 change, although differences were seen between methods, and library preparation and 21 sequencing induced little variation. Bioinformatic pipelines showed different results for 22 estimating richness, but diversity and compositional profiles were comparable. DNA 23 extraction methods were successful for feces and oral swabs and variation induced by DNA 24 extraction methods was lower than inter-subject (biological) variation. For low-biomass 25 samples, a mixture of genera present in negative controls and sample-specific genera, 26
INTRODUCTION
Humans constantly interact with microbes that are present in the environment and reside on 47 or within the human body. Recently, the attention for microbes has shifted from an exclusive To verify whether all bacteria of the ATCC mock were lysed after the first mechanical lysis 129 step of both Zymo and Q, the lysate was plated on Blood Agar Plate, 5% Sheep Blood in 130 Tryptic Soy Agar (VWR International, Amsterdam, the Netherlands) and aerobically and 131 anaerobically incubated at 37°C for five days. The MALDI Biotyper system was used 132 (Bruker Daltonics, Germany) to identify the bacterial species. Samples were prepared in the 133 following way: A bacterial colony was taken from the culturing plate and spread in duplicate Sequencing data analysis 149 Read filtering, operational taxonomic unit (OTU)-picking and taxonomic assignment were 150 performed using two different bioinformatic pipelines, QIIME 2 and NG-Tax 0.4 (14, 15) , 151 both using the Silva_132_SSU Ref database for taxonomic classification (16). The following 152 settings were applied for QIIME 2: forward and reverse read length of 120, quality control 153 using Deblur, identity level of 100%. A read length of 120 was chosen due to low quality 154 sequence regions at the end of the reads. The following settings were applied for NG-Tax: 155 forward and reverse read length of 120, ratio OTU abundance of 2.0, classify ratio of 0.9, 156 minimum threshold of 1*10-7, identity level of 100%, error correction of 98.5. Prior to the 157 NG-Tax run, potential left over primers were removed with cutadapt v. 1.9.1 (17), in paired-158 end mode, with additional setting -e 0.2 (increased error tolerance, 20%). This setting was 159 required since database truncating based on the applied primers is part of the pipeline and, as 160 such, primer sequences need to be removed to avoid mismatching with the database.
161
Furthermore, all sequences with any deviating barcode in the fastq header were changed to 162 the original barcode to allow inclusion into the NG-Tax pipeline.
163
The obtained OTU-tables were filtered for OTUs with a number of sequences less than 164 0.005% of the total number of sequences (18). Downstream analysis was performed in R 165 (v3.5.1), mainly using the phyloseq (v.1.24.2) microbiome (v.1.2.1) and ggplot2 (v.3.0.0) 166 packages (19-21).
167

Data accessibility 168
All raw sequencing data used in the current study are deposited in the European Nucleotide
169
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170
RESULTS AND DISCUSSION
171
Mock communities pass quality control 172 We evaluated three different DNA extraction methods and two bioinformatic pipelines for 173 microbiota profiling through 16S rRNA gene amplicon sequencing (Fig 1) (Table S3 ). This was not unexpected, as mock communities were diluted for extraction using 182 Magna and, therefore, DNA concentrations were lower. Negative extraction controls did not 183 pass QC for Q and Magna, but they did for Zymo. This likely represents a higher 184 contamination load during the extraction process for Zymo, which was also reflected by 185 higher DNA concentrations (Table S3 ). A full overview of all samples included in this study, 186 their QC passing and DNA concentrations can be found in Table S4 . The Zymo mock and DNA standard consist of respectively cell material or DNA of eight 211 bacterial species and two fungal species. As the 16S rRNA gene was targeted, fungi should 212 not be detected. Therefore, theoretical richness is eight and theoretical Shannon diversity was 213 calculated to be 2.01.
214
Regarding the DNA standard, NG-Tax overestimated OTU-based estimated richness for both 215 duplicates, DNA 1 and DNA 2 (Fig 2A, table S3 ). Richness was however accurately retrieved 216 at genus level ( Fig 2C) . The same was observed regarding diversity, which was 217 overestimated at OTU level ( Fig 2B) , but accurate at genus level ( Fig 2D) . QIIME 2 218 approached theoretical richness and diversity values at OTU level ( Fig 2A+B, table S3 ).
219
Richness estimates slightly improved at genus level ( Fig 2C) , while diversity did not differ 220 from OTU-based diversity ( Fig 2D) . Thus, QIIME 2 better estimated richness and diversity at 221 OTU level, while NG-Tax performed better at genus level (Table S3 ).
222
Compositional profiles of DNA 1 and DNA 2 are highly similar to theoretical abundance ( Fig   223   3 ). To quantify differences in compositional profiles, Bray-Curtis dissimilarity and Leibler divergence (Fig 4) (25) and fold errors for each taxon (Fig 5) were determined. For 225 the dissimilarity and divergence values, a value of zero represents an identical microbiota 226 composition to the theoretical expectation. NG-Tax obtained values closer to zero than 227 QIIME 2 for both DNA 1 and DNA 2, although the difference is minimal (Fig 4 and Table   228 S2) and the performance of both pipelines can therefore be regarded as equal. A similar 229 conclusion can be drawn from the fold errors ( Fig 5) , since both pipelines accurately 230 retrieved expected relative abundance, with all genera having a fold error between -1.5 and 231 1.5 (Table S3 ).
232
Similar analyses were performed for the Zymo mock to evaluate performance of DNA 233 extraction methods in combination with the bioinformatic pipelines. All DNA extraction 234 methods, independent of pipeline, resulted in OTU-based richness above 20 for most 235 samples, far higher than theoretical expectance (Fig 2A) . This is especially noteworthy for 236 QIIME 2, as it was highly accurate in retrieving correct richness for the DNA standard, in (Table S3) Table S3 ). A similar conclusion can be drawn from the 246 fold errors, which are lowest for Magna and pipeline-independent ( Fig 5 and Table S3 ).
247
Taken together, results obtained from the DNA standard indicate that QIIME 2 and NG-Tax 248 perform equally well in general, except for overestimation of OTU-level richness and 249 diversity when using NG-Tax. Results obtained from the Zymo mock, which is a better 250 representation of the full procedure for a microbiome study, indicate that richness is most 251 accurate at genus level using protocol Zymo or Q in combination with the NG-Tax pipeline.
252
In addition, bacterial microbiota composition profiles are best retrieved using Magna, 253 followed by Zymo, and are pipeline-independent.
254
In concordance with current literature (9) and independent of extraction method, a general 255 underestimation of Gram-positive bacteria was observed, with Enterococcus being the sole 256 exception ( Fig 5) . This is most likely due to incomplete cell wall lysis of Gram-positive 257 bacteria. Based on the DNA standard and the Zymo mock, we conclude that Zymo and 258 Magna in combination with either pipeline are the best performing combinations (Table S3 ).
259
However, when high-throughput DNA extraction is required (e.g. for large cohort studies),
260
Magna may be preferred from a practical point of view, although it overestimates richness 261 independent of pipeline.
262
In general, overestimation of OTUs may stem from the 100% identity setting for clustering, 263 combined with the natural divergence of the 16S gene (26, 27) . There is no current consensus 264 on OTU identity setting, and cut-offs between 97% and 100% are used. An advantage of the 265 100% cut-off is that unique taxa differing a single nucleotide are clustered into different 266 OTUs. A disadvantage is that, as intragenomic diversity in the 16S rRNA gene is common 267 within bacterial genomes, a 100% cut-off can lead to multiple OTUs stemming from a single 268 bacterium and thereby inflate richness (27). Apart from this biological explanation, the 269 different algorithms and internal filtering steps used in QIIME 2 and NG-Tax can affect the 270 outcome for richness. The ATCC mock consists of 20 unique bacterial species, with four of them belonging to two 274 genera (Staphylococcus and Streptococcus). Therefore, theoretical richness at OTU level 275 would be 20, but eighteen at genus level. In addition, these 20 unique bacterial species come 276 from different environments, including gut, oral and skin microbiome.
277
No values close to the theoretical profiles for the ATCC mock for any extraction 278 method/bioinformatic pipeline were observed, and one sample from Q consisted almost 279 entirely of non-classifiable reads (Fig 6) was present. Generally, negative controls mostly consisted of genera commonly found in gut 308 and oral microbiota, most of them also previously described as contaminants (11). In 309 addition, negative sequencing controls were taken along, and here no consistent contaminants 310 could be observed ( Fig S2B+D) . Potential contamination sources are multifold, such as kit 311 contamination, index hopping, or well-to-well contamination (32, 33) . Index-hopping is 312 however not a likely source of contamination, as the negative control for Magna was 313 sequenced in different lanes, and profiles look highly similar ( Fig S2A+C) . Additionally, we 314 did not observe index-hopping in our positive controls.
315
One of the contaminants we identified has not been previously described as a contaminant, 316 namely Clostridioides. This likely represents C. difficile, and contamination by this bacterium 317 can be explained by the fact that DNA extractions were performed in our National Reference 318 Laboratory for C. difficile, which probably contains minor amounts of C. difficile spores 319 during most time points. C. difficile contamination on laboratory surfaces has also recently 320 been described in another clinical microbiology laboratory (34).
321
By incorporating this information with the Zymo positive controls, it can be concluded that 322 Zymo and Magna are most optimal. Magna most accurately captured the expected 323 community profile, while kit-specific contaminants are clear and easy to discriminate from 324 biological signal using Zymo (Table S2) (Table S3 ). DNA concentrations were on average lowest for Magna, while yields were 332 comparable between Q and Zymo ( Figure S1 ). Processing of raw sequencing data from 333 biological samples was performed using the NG-Tax pipeline at genus level. were sufficient for sequencing. Microbiota profiles were comparable between extraction 340 methods for each sample ( Figure S3A ). In addition, differences in compositional profiles 341 were quantified using Kullback-Leibler divergence ( Figure 7A ). This heatmap shows that Fig 7B) . The oral microbiome, like the gut microbiome, is highly 357 diverse. Nevertheless, a certain core of genera (e.g. Streptococcus spp. and Prevotella spp.) is 358 present in most people, all of which were found in our study (3, 37, 38) . Together, the good 359 QC passing rate, DNA concentrations and consistency of compositional profiles between 360 extraction methods lead us to conclude that all three methods work well for oral swabs.
362
Applied methodology renders the urine microbiome unresolved. 363 During the last decade, microbiome studies showed that urine contains a bacterial microbiota 364 (39, 40). Despite using 30-40 ml of urine and centrifugation prior to extraction (13), we were 365 not able to convincingly capture a urinary microbiota for all samples (Fig S3C) . DNA 366 concentrations were high for an infected sample (between thirteen and 42 ng/µl), but 367 concentrations for the other samples were between 0.11 and 0.99 ng/µl. Six out of nine 368 samples passed QC. For the infected sample with a high bacterial load, we were able to 369 classify the cause of infection to Enterobacteriaceae, which is in agreement with the fact that 370 most UTIs are caused by members of Enterobacteriaceae. One urine sample showed high 371 similarity to negative controls for respective kits, with non-classifiable reads for Q and 372 Magna, and high abundance of Pseudomonas for Zymo ( Fig S3C) . Another urine sample 373 contained a high Lactobacillus abundance, which has previously been shown to be abundant 374 in urine samples (40). In addition, presence of Atopobium, Gardnerella, Campylobacter, 375 Prevotella and Anaerococcus point towards an existing urinary microbiota (41). However, 376 Pseudomonas, a common Zymo kit contaminant, was still found in this urine sample, and for 377 Magna more than 25% of reads could not be classified (Fig S3C) . This could indicate that the 378 biological signal is not much stronger than contamination, and therefore a mixed profile is 379 observed. Further efforts and method optimization should be undertaken, although this can be 380 difficult to implement in routine work (42). In addition, culturing could be used as a follow-381 up method to confirm that contaminants are not viable bacteria, but rather bacterial DNA.
383
Applied procedures for saliva handling seem to be unsuitable for microbiome research 384 DNA yield from saliva samples was lower as compared to literature (43, 44) ( Fig S1) . Only a 385 single DNA extraction had a concentration of slightly above one ng/µl (1.18; Table S4 ), 386 while all other extractions had concentrations between 0.04 and 0.68 ng/µl. This may be 387 associated with storage duration (~fifteen years) and the fact that samples were thawed and 388 refrozen several times. This also explains why only three out of nine DNA extracts passed 389 QC. The included saliva samples were chosen as investigators within our facility were 390 interested to see if microbiota studies could be performed using these samples.
391
Compositional profiles consisted of a mixture of genera present in the normal oral microbiota 392 (Oribacterium, two Prevotella genera, Streptococcus, Veillonella) (3), genera present in our 393 negative controls (Pseudomonas, Delftia) and non-classifiable reads (Fig S3D) . In 394 combination with low DNA yields, it is likely that a mixture between biological signal and 395 contamination signal is present. Therefore, we consider the applied extraction methods The colorectal cancer microbiome cannot be distinguished from negative controls or 400 fecal microbiome 401 As colorectal cancer development has been associated with specific gut bacteria, we were 402 interested to see if colorectal cancer tissue itself also contained bacteria (45, 46) . DNA 403 concentrations were sufficient for all samples to pass QC, but extracted DNA was likely 404 mostly human-derived. Two of three extraction methods were not successful, as samples 405 extracted using Zymo and Magna showed high similarity to their respective negative controls 406 ( Fig S3E) . Using Q, Bacteroides, Fusobacterium and Gemella were identified, all being 407 previously associated with colorectal cancer development (45, 47) . Several gut commensals, 408 including Faecalibacterium and Escherichia-Shigella were present in both the negative 409 controls and these colorectal cancer samples. It is therefore difficult to discriminate whether 410 these are contaminant bacteria, or whether they represent biological signal. 411 We hypothesized that by spinning down the material, the supernatant would contain more 412 bacteria than the cancer tissue. DNA concentrations of supernatant were between 0.16 and 413 2.32 ng/µl, and seven out of nine DNA extractions passed QC (Table S4) . For one sample, it 414 was clear that across all methods many genera were observed which were present in negative 415 controls (e.g. Pseudomonas), or reads could not be classified at all ( Fig S3F) . A second 416 sample seemed to contain a real microbiota. Profiles were consistent across extraction 417 methods, did not contain many contaminants and had specific bacteria previously linked to 418 colorectal cancer (e.g. Fusobacterium) (45). The third sample showed a profile reflecting a 419 mix between biological signal and technical contamination. Profiles were consistent across 420 methods and contained genera representative of a gut microbiome, but also contained non-421 classifiable reads and contamination. Therefore, profiles are likely a mixture of biological 422 signal and technical contamination, and further optimization is necessary prior to using this 423 sample type for experimental studies. We have the same recommendation for colorectal 424 cancer sample types as for urine, as discussed above. (48, 49) . We extracted DNA from HPV-negative VSCC tissue as a pilot study to 431 determine if investigating the relationship between bacterial microbiota and HPV-negative 432 VSCC would be potentially feasible. DNA concentrations were high (Fig S1) , only for three 433 extractions below one ng/µl, and eight out of nine extractions passed QC. However, DNA 434 was probably again largely human-derived. This was reflected in the obtained microbiota 435 profiles, as most reads were not classified or the profiles showed high similarity to negative 436 controls (e.g. high abundance of Pseudomonas) ( Fig S3G) . Therefore, it is unlikely that this 437 cancer tissue contains bacteria, or bacteria are so lowly abundant that they are overshadowed 438 by contamination load. In general, the vulvar microbiome has not been extensively studied. A 439 recent study on vulvar microbiome observed that Lactobacillus, Corynebacterium, 440 Finegoldia, Staphylococcus and Anaerococcus are most abundant on this body site, but the 441 use of negative controls was not reported (50). These genera are also part of the vaginal 442 microbiota, and might be sampling contamination or reflect high similarity between vulvar 443 and vaginal microbiota.
444
A large amount of formalin-fixed VSCC materials are stored in a biobank at our facility. To 445 investigate whether this sample collection could be used for microbiota profiling, DNA was 446 extracted from three formalin-fixed VSCC samples. DNA concentrations were all below 0.3 447 ng/µl, and only two out of nine extractions passed QC (Fig S4) . One sample extracted with Q 448 was excluded from further analysis, as no reads were present after sequencing. Extraction and 449 sequencing of formalin-fixed material poses additional problems, as DNA molecules could be 450 highly fragmented and too short for amplicon sequencing of the V4 region (51). For Zymo, 451 samples resembled negative controls, with Delftia and Pseudomonas being highly abundant 452 ( Fig S3H) . The same samples had completely different microbiota profiles when using 453 protocol Q or Magna. Both extraction methods showed genera commonly found in the lower 454 urogenital tract, including Staphylococcus, Streptococcus, Prevotella and Gordonia (3, 36) . 455 However, many of these genera were also detected in negative controls. In combination with 456 low DNA yield and inconsistent profiles across extraction methods, we conclude that no 457 reliable bacterial microbiota profile could be identified in these samples. For both VSCC 458 types, we suggest the same way forward as for urine samples. The current study had several strengths and limitations. By using a positive control of cell 477 material with a corresponding DNA standard, we differentiated variation induced from 478 sequencing procedures and DNA extraction. We demonstrate the importance of using 479 positive and negative controls in microbiome studies, and show that negative controls are 480 crucial for interpretation of low-biomass samples. Another strength of the study was that for 481 several biological samples (feces and oral swabs), we showed that technical variation was 482 much smaller than biological variation. A shortcoming of the study is that we did not perform 483 any other quantification next to 16S sequencing (e.g. qPCR), which may be particularly The current study evaluated three DNA extraction methods and two bioinformatic pipelines 491 for bacterial microbiota profiling using several positive and negative controls, and a range of 492 biological specimens. All three extraction methods quite accurately retrieved theoretical 493 abundance of the Zymo mock, but not of the ATCC mock. For DNA extraction, we 494 recommend using the Zymo and Magna protocol, since they showed good overall 495 performance for all samples. Sequencing procedure only induced minor variation, as shown 496 using a DNA standard. We furthermore showed that the NG-Tax and QIIME 2 pipelines 497 perform equally well overall, each having their specific flaws.
498
By including negative controls and comparing these with low-biomass samples, we evaluated 499 whether low-biomass samples consisted of technical noise, biological signal or a mixture. In 500 most cases, identification of a unique microbiome was not achieved, highlighting the 501 importance of negative controls and sufficiently sensitive methods. The results from this 502 study can help other microbiome study groups to select an appropriate DNA extraction 503 method and bioinformatic pipeline. We hope this study contributes to further standardization 504 in methodology in the microbiome field, and to increased awareness of the usage of controls, 505 especially when studying low-biomass samples. 
